This paper analyzes the e ects of R&D and worker training on innovation performance in a sample of Spanish manufacturing rms while distinguishing between large and small rms. Our ndings suggest that R&D is a key factor in explaining rm innovation performance, and that worker training investment also has a signicant e ect, albeit one of less magnitude. The results conrm a complementary relationship: training reinforces the e ect of R&D on innovation performance. The e ects di er according to rm size and industry.
Introduction
Innovation -the introduction of a new or signicantly improved product, process or method-holds the key to boosting rm productivity and national economic growth. 1 Innovation can be inuenced by a wide range of factors. Obviously, research and development (R&D) plays a crucial role in the rate of and capacity for innovation but, it is not the sole mechanism used to obtain innovations. As innovation requires a variety of workers' skills, human capital is essential. Formal education is basic in human capital and the national education systems should provide it. Yet, training (and, particularly, on-the job training) also plays a key role in providing the wide range of skills needed to enhance the overall capacity to innovate (OECD 2010) . Emphasizing the importance of education in innovation, Nelson and Phelps (1966) claim that "educated people make good innovators, so that education speeds the process of technological di usion." In this line, Bartel and Lichtenberg (1987) show that highly educated workers have a comparative advantage in regard to implementing and adjusting to new technologies. R&D and human capital not only generate new knowledge but also are important components of rms' absorptive capacity which is crucial in stimulating innovation and, after all, productivity growth. 2 There is extensive literature on the role of formal R&D activities in rm performance and a signicant number of papers analyze the role of on-the-job training.
Using rm-and plant-level data, the empirical literature supports the hypothesis that R&D investment and innovation are important components of rm productivity (see the surveys of Griliches, 1998 , Hall et al., 2010 , and Hall, 2011 . Other papers aim to quantify the contribution of training to rm productivity and they usually nd a positive impact (see the surveys of Blundell et al., 1999, and Bartel, 2000) . In particular, Conti (2005) and Dearden et al. (2006) nd that R&D and training are associated with higher productivity 1 For a detailed denition of innovation, see the Oslo Manual (OECD, 2005) . 2 Cohen and Levinthal (1989) analyze the role of R&D not only in the generation of new information, but also in enhancing the rm's ability to assimilate and exploit existing information. More recently, Gri th A number of studies are devoted to analyzing the relevance of R&D and training on innovation. Becheikh et al. (2006) provides a revision of empirical studies on the determinants of innovation in the manufacturing sector. Laursen and Foss (2003) found that human resources management practices -in particular, internal training and the combination of internal and external training-inuence innovation performance positively. Rogers (2004) uses data on Australian rms to investigate the determinants of innovation; he includes training among them, but does not nd a signicant e ect. More recently, Zhou et al. (2011) found evidence that training and R&D have a positive impact on the rm innovation performance in the Netherlands, as these investments contribute positively to new product sales. Using data for French rms, Gallié and Legros (2012) also nd that training and R&D have a positive impact on the production of innovations.
Although both investments (R&D and training) seem to play a key role and may also possibly reinforce each other, it was not until recently that much attention was given to their interaction and complementarities. An emerging literature now examines whether di erent types of knowledge investments reinforce one another. 4 For example, Ballot et al. (2001) analyze the e ects of human and technological capital on productivity in a sample of large French and Swedish rms. They obtain some positive interactions between R&D and training, though the results vary by country. 5 Leiponen (2005) explores the complementarities among rm employee skills, R&D collaboration activities, and innovation, by analyzing their e ects on protability; she nds statistically signicant complementarities between technical skills and innovation, as well as between technical skills and R&D collaborative 3 Other empirical studies of interest are Bartel (1994 Bartel ( , 1995 , and Black and Lynch (1996) . 4 The study of complementarities between activities can be traced back to the theory of supermodularity (see Roberts, 1990, 1995) . This theory has been applied in papers that look for complementarities among di erent business strategies (e.g., Arora and Gambardella, 1990; Bresnahan et al., 2002; Mohnen and Röller, 2005; Miravete and Pernias, 2006; Cassiman and Veugelers, 2006) . 5 Ballot et al. (2006) use the same data sources to explore the e ects of investment in physical capital, training and R&D on productivity and wages. They assess how the benets of these investments are shared between the rm and the workers.
3 activities.
Evidence on the role of training in innovation that is based on Spanish data is scarce. Santamaría et al. (2009) use a panel data of Spanish manufacturing rms to explore how the innovation process depends on non-formal R&D activities, such as training. These authors analyze the di erences in this relation depending on the technological level of the industries, yet they do not consider the interactions or complementarities between both types of investment.
This paper aims to analyze the relationship between R&D and worker training in rm innovation performance in order to identify complementarities between both investments.
We use a sample of Spanish manufacturing rms and present a simple theoretical framework to guide the empirical analysis which assesses the e ects of R&D and training on the likelihood of innovating. In analyzing this relationship, we focus on the di erences between small and large rms. Research and development activities are particularly challenging for small rms because of the associated high-risk exposure, high xed-costs, high minimum investment required, and severe nancial constraints. Smaller rms may therefore refrain from R&D and rely more on other practices -among them, worker training-in order to achieve innovation success. Thus, we conduct the empirical analysis for SMEs and large rms separately.
Analyzing the relationship between R&D and training (and their e ects on innovation performance) is especially relevant for Spain, where the e ort in both activities is below the European average. As Table 1 shows, Spain ranks at the bottom of the list of countries in both types of investments (see also Bassanini et al., 2005) . An explicit target of Spanish industrial policy is to increase rms' R&D. To this end, meaningful steps have been taken in public subsidies and tax credits. Moreover, there are public policies that promote worker training. These policies are an important part of the active labor market policies in Spain.
The design of public policies that reward one type of investment should consider the e ects of such policies on other complementary investments. Thus, it is a relevant issue for policy makers to identify the existence of complementarities.
[Insert Table 1] To conduct the empirical analysis, we use a panel of Spanish manufacturing rms over the period [2001] [2002] [2003] [2004] [2005] [2006] . There are several advantages to using this data set. It contains information on the R&D investments most commonly used in the literature as well as data about investment in on-the-job training; it also provides information on the performance of the innovation process. In particular, this data set contains time-varying information on the rms' product and process innovations.
The results suggest a degree of complementarity between both activities. In small and medium rms, R&D increases the probability of innovating by 25.5 percentage points when it is carried out in isolation; while, when R&D is added to training, the probability of innovating increases by 29 percentage points. Training also increases the probability but, to a lesser extent: by only 3.9 percentage points, when it is carried out in isolation; by 7.4 percentage points, when it is added to R&D. These results di er according to the rm's size and the industry in which it operates.
The rest of the paper is organized as follows. Section 2 describes the data and the main facts about innovation, worker training, and R&D. Section 3 presents the theoretical framework. Section 4 describes the empirical strategy and Section 5 reports the results.
Section 6 concludes.
Patterns of innovation and investment in worker training and R&D
The data set used in this paper comes from the Encuesta Sobre Estrategias Empresar- In what follows, we present some empirical regularities about rm participation in R&D and worker training (WT).
[Insert Table 2 ] indicates the fraction of rms that have introduced at least one product or process innovation; and Patent, which shows the fraction of rms with at least one patent. On the one hand -and as expected, given their engagement in R&D and in WT activities-innovation is more frequent in large rms. Nevertheless, there are many large rms performing R&D that introduce neither product nor process innovations as well as some SMEs that do not perform R&D but do innovate. On the other hand, only 10% of the large rms obtain patents, and this is triple the percentage for SMEs. The empirical evidence thus indicates that (i) the characteristics of innovation di er depending on rm size and (ii) SMEs may rely on activities other than formal R&D to achieve innovation success (Rammer et al., 2009 ).
[Insert Table 3 ] Table 3 gives more details on rms' engagement in R&D and WT. 6 We see that although 66% of the SMEs do not engage in either R&D or WT, only 10% of the large rms behave this way. The di erences are less extreme with respect to participation in only one of these activities: for R&D, 9.7% of SMEs versus 13.5% of large rms; the respective values for WT are 13% versus 18%. A much greater di erence is observed in the case of adopting both activities: 11% by SMEs versus 58% by large rms. The table also gives information on rms as classied into subsamples based on the technological level of the industries in which the rms operate. In high-technology sectors, fewer than 5% of the large rms are involved in neither R&D nor WT, whereas such total abstinence characterizes 45.7% of the SMEs. Clearly, simultaneous engagement in both activities is especially important to large rms in high-tech industries.
[Insert Table 4 ] Table 4 provides information about rms' innovation performance while distinguishing among the proportion of rms introducing product innovation only, process innovation only or both types simultaneously. Several facts can be noted. First, process innovation is denitely more frequent than product innovation in all the subsamples. Second, innovation in large rms almost doubles the innovation in SMEs (in low-tech sectors, 51.7% of large rms exhibit some innovation compared with 25.9% of the SMEs). Third, the likelihood of innovation is greater in high-tech than in low-tech sectors. This di erence is most pronounced for product innovation.
[Insert Table 5 ] Table 5 explores rms' innovation performance depending on their R&D and WT status. The table reveals that, for each particular combination of (R&D, WT) decisions, rm performance in terms of innovation is not much di erent between SMEs and large rms. 6 The percentages and averages reported in all tables are obtained by treating observations as a pool of data.
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Clearly, then, di erences in innovation performance of the SMEs and large rms are due mainly to the di ering proportion of rms in each of the (R&D, WT) pair situations. In the case of participation in both activities (rows 4 and 8), an interesting point arises. Product innovation seems to be more frequent in SMEs: 22.3% of them introduce this type of innovation exclusively, and an additional 29.9% did so jointly with process innovations. For large rms, the respective percentages are 13.1% and 35.5%.
Another relevant regularity is, on the one hand, the large proportion of innovating SMEs that participate in neither R&D nor WT. Fully 41.6% of the innovating SMEs can be so classied, given that 66.2% of all sample SMEs have no R&D or WT but 18.4% of these rms still do innovate. On the other hand, a relevant proportion of large rms did not successfully innovate despite being involved in both R&D and WT. These rms represent 42.3% of the non-innovating large rms, as 58.1% of them engage in both R&D and WT but 32.4% of the rms in this subset do not introduce any innovation.
Theoretical framework
Firms invest to increase knowledge so that they can develop and introduce innovations and thereby raise productivity and protability. We focus on investment in R&D and worker training as the two main sources of innovation performance, which can take the form of product innovation (new or improved products) or process innovations. Although rms can use other informal channels to acquire knowledge and increase their ability to assimilate new information, 7 there is wide consensus on the key roles played by R&D and WT in technological change and innovation performance.
Our goals are to measure the e ects of both R&D and WT on innovation performance and to explore the existence of complementarity between these two investments. We assume that rm will introduce an innovation, denoted if the increment to expected gross prot from doing so, , is greater than the cost of innovating, (subscripts and index rms ( 1) where ( ) is the di erence, in year between the expected gross prot when innovating and the expected gross prots when the rm do not innovate, assuming that the prot-maximizing level of innovation expenditures is chosen. Here is a vector of market-level variables that are exogenous to the rm (e.g., technological opportunities of the industry that the rm operates in), and is a vector of rm-specic variables.
At this stage, no distinction is made between product and process innovation. We assume that both types have a positive e ect on prots, though by di erent mechanisms. Prot increases could result from an increase in revenue or a decrease in cost (or from both).
Product innovation typically increases consumers' willingness to pay for the new or improved product, which a ects demand; process innovation enables production at a lower cost.
We use to denote the direct monetary cost of innovating and assume that this cost depends on the rm's stocks of R&D and worker training at the beginning of year. Because these stock variables are not observable, we proxy them via dummy variables that indicate which combination of the R&D and WT activities each rm chose in the previous year
here 1 and 1 take the value 1 only if the rm made (respectively) R&D or WT investments in the previous period. Observe that if rm undertook neither R&D nor WT in the last year then the cost of innovation is the highest, 0 . If rm undertook both activities in the last period then innovation cost is reduced by the amount of 1 , that is, = 0 1 . If the rm invested in R&D but not in WT, then this cost would be = 0 2 . Finally, for those rms that invested only in WT in the previous period, the cost is = 0 3 It is reasonable to assume that 1 2 3 which means that the minimum cost will be attained when the rm makes both investments. We may also reasonably assume that 2 3 ; in other words, innovation cost is reduced more by R&D than by WT.
Equations (1) and (2) imply that the probability of innovating will be greater when the rm has incurred in R&D and/or WT in the previous period. In order to identify the existence of complementarity between R&D and WT, we consider the usual denition of complementarity: rm's activities are complements if doing any one of them increases the returns to doing the other Roberts, 1990, 1995) . In our case, we conclude that complementarity exists if the increase in the probability of innovating when R&D (WT)
is added to WT (R&D) is greater than the increase in the probability of innovating when R&D (WT) is carried out in isolation.
Empirical analysis
Our empirical model is based on the participation condition given by equations (1) and (2). The decision to innovate is then summarized by this discrete-choice equation:
We approximate 0 as a reduced-form expression in exogenous rm and market characteristics that are observable in period : 9
The vector represents a set of rm and market characteristics. The variable is a time-specic component that takes into account business cycles and exogenous technical changes that could a ect the rm's innovation decision. The error term consists of two components:
the rm-specic e ect capturing time-invariant unobserved rm heterogeneity (e.g., organizational or managerial ability) that could inuence either the level of prots that rms derive from innovations or the cost of those innovations; and
, an unobserved shock. The latter term can be viewed as the random shock (or uncertainty in the innovation processes) that is not observed by the econometrician but may a ect the rm's decision to innovate in a given year.
Our goals are to identify factors that increase innovation performance and then measure their e ects on the likelihood of innovating. We initially assume that the cost of introducing an innovation will be reduced to the same extent for all companies with the same (R&D, WT) pairing in the previous period (this assumption will later be relaxed by carrying out the estimation separately for the SMEs and the large rms). Thus we assume that 1 = 1 2 = 2 and 3 = 3 The baseline econometric model for the innovation decision follows from the previous equations:
where (0 1) As before, is a binary indicator variable set equal to 1 if the rm introduces an innovation (and 0 otherwise). In building this variable we use two questions from the survey. The rst is related to process innovation: each rm answers (Yes or No) whether the rm introduced any important modication in the production process during
year . The second question asks whether the rm manufactured, in year any brand-new or substantially modied products. Product novelties include performing new functions as well as incorporating new materials, components, design, and/or format. The dummy variable takes the value 1 if the rm answers Yes to either of these two questions.
The explanatory variables include a constant and three dummy variables that take the value 1 or 0 in accordance with whether or not, in the previous year, the rm's investments included R&D only, WT only, or both activities. We can test the null hypothesis -that investments in R&D and WT have a negligible e ect on innovation output-by testing for whether the are jointly equal to zero. This specication also allows us to test for complementarity between both activities by comparing the magnitude of their respective coe cients, as we will see in the next section.
The rest of the explanatory variables included in the vector control for a set of rm characteristics that are likely to determine the innovation output. The size of the rms is measured in terms of the total number of employees (in logs). Number of competitors is a dummy variable that takes the value 1 when the rm states that, in its main market, there are at least one but fewer than ten other rms with a signicant market share. The (log of)
price-cost margin is approximated as the di erence between the value of gross output and the variable costs of production, divided by the value of gross output. 10 We also include a dummy variable indicating whether or not the rm manufactures more than one product,
Multiproduct rm, and another that takes the value 1 if the rm exports, Exporter rm.
The homogeneity of the product is taken into account by including a dummy variable that takes the value 1 when the rm states that its products are highly standardized (i.e. mostly the same for all buyers). Expansive market takes the value 1 when the rm reports that demand is increasing, and likewise for Recessive market when demand is contracting. Age measures rm experience in terms of the number of years since the rm's founding year; this variable captures the potential learning-by-doing e ects of experience. Geographical location measures the regional spillover and takes the value 1 only for rms located in regions with a higher level of R&D and skilled workers (i.e. Madrid, Catalonia and Basque country).
We include two dummy variables indicating the complexity of the production technolo- We lag rm characteristics and other variables by one year in order to avoid potential simultaneity problems. Finally, the denote year xed e ects that control for exogenous technological change as well as any macroeconomic shock. The error term, has two components: is a rm-specic e ect; and is an unobserved shock.
The main econometric issue refers to unobserved rm heterogeneity. First, we estimate a baseline probit model without unobserved heterogeneity and with robust standard errors clustered at the rm level to control for the fact that observations of the same rms are related over time.
Second, we assume that the error term is, = + , where (0 1) and
(0 ) and is uncorrelated with the independent variables. One advantage of the random e ects probit estimation is that it explicitly controls for rm-unobserved heterogeneity but it does not take into account the correlation of the rm-specic e ect with the regressors. Finally, we use Chamberlain's (1984) random e ects probit model;
this model allows for dependence between and the rm's characteristics included in the vector , but the dependence must be restricted in some way. Specically, we assume that unobserved individual heterogeneity depends on the time-averaged continuous variables included in vector , denoted 1 : = 0 + 1 + , where 1 is the average of 1 ,
= 1 2
We assume further (0 ) and 1 (see Wooldridge, 2001) .
Results
This section describes the results of the estimation as well as the e ects of R&D and WT on the probability of innovating. Table 6A presents the coe cients obtained by estimating equation (3) for the SMEs, under the three di erent probit models; Table 6B does the same for large rms. The rst and second columns correspond to the probit model with robust standard errors clustered at the rm level; the third and fourth columns present (respectively) the random e ects probit model and the Chamberlain random e ects probit model.
[Insert Table 6A] The variables of interest are the lagged dummies of investment in R&D and training.
The estimated coe cients for the three variables included are signicant, which suggests a positive e ect of investing in both activities (either simultaneously or separately). The coe cients increase when we consider the xed rm-specic e ects (columns 3 and 4) in comparison with the probit model that includes the control variables (column 2), although the correction incorporated in the last column changes the coe cients only slightly when compared with column 3.
The estimated coe cients suggest that rms with past experience in R&D and/or WT are more likely to innovate in the current period, although the magnitudes of the marginal e ects (no provided in the tables) are substantially di erent for the two activities. As expected, experience in R&D has a much greater e ect on the likelihood of innovation than does training (see section 5.1 for details).
With regard to the other rm-level determinants of innovation performance, the results are consistent with those found in previous literature. The positive and signicant coe cient for our exporter dummy variable suggests that exporter rms are more likely to innovate than are other rms. The multiproduct rm variable also has a positive and signicant impact. These results indicate that exporter and multiproduct rms nd it more protable to introduce a new product or process and that higher competitive pressure stimulates innovation. Note also that size, as measured by the log of total employment, has a positive impact on the probability of innovating under the random e ects probit models (columns 3 and 4).
The impact of number of competitors becomes insignicant in the random e ects probit models, and this is true also of the impact of price-cost margin (once we include the mean of this variable as a control). Product standardization, a proxy for product homogeneity, has no impact on the probability of innovating. This negligible e ect can be explained if homogeneity a ects product and process innovations in opposite ways; according to Huergo and Moreno (2011) , the e ect of product homogeneity might be positive for product innovations but negative for process innovations.
Our dummy variables capturing the dynamism of the market in which the rm operates have the expected sign. An expansive market increases the incentives to innovate because in that case rms expect higher future prots. In contrast, a recessive market reduces the future prots of innovation, although this e ect is not signicant. Finally, rms in high-tech sectors and rms that incorporate sophisticated production technologies are more likely to introduce innovations. Table 6B provides the estimated coe cients for the subsample of large rms. In this case, on the one hand, the estimated coe cients for the three main variables imply a positive e ect of investing in R&D (either simultaneously or separately), but a positive e ect of investing in WT only when the rm also invests on R&D. On the other hand, only three of the control variables show a signicant e ect on the probability of innovating: recessive market has a negative impact, while the two variables reecting the complexity of the production have a positive impact.
[Insert Table 6B ]
Analysis of complementarity.-
In order to estimate the impacts of WT and R&D on the likelihood of innovating, for each rm we rst compute the predicted probabilities using the parameters reported in the fourth column of Tables 6A and 6B for SMEs and large rms, respectively. The probability of innovating when rms have experience in both activities is calculated as
Likewise, the probability when rms have experience only in R&D is computed as
while, when they have experience only in WT, as
and, nally, when they have no experience in either activity, as Table 7 reports the averages of these predicted probabilities while distinguishing between small and large rms as well as between high-and low-tech industries. The rst column of the table shows that the average predicted probability of innovating for SMEs ranges from 11% (in the case of no experience in either R&D or WT) to 44% (in the case of experience in both activities); the respective probabilities range from 27% to 68% for large rms. We also nd that all probabilities are higher for rms in high-tech industries than for those in low-tech industries.
[Insert Table 7] We use the predicted probabilities to estimate the average marginal e ect of each activity when it is undertaken in isolation as well as the e ect of adding one activity to the other.
The e ect of adding R&D when the rm already undertakes WT is calculated as
and the e ect on the probability of innovating due to experience only in R&D as
Similarly it is obtained the e ect of adding WT when the rm is already undertaking R&D and the e ect on the probability of innovating due to experience only in WT, respectively,
If 1 2 (and consequently 1 2 ) we conclude that R&D and WT are two investments that reinforce each other, so there exist complementaries between both activities in innovation performance. Table 8 presents the average marginal e ects. The values reported in column 1 suggest complementarity between both activities for SMEs. The second row indicates that, when R&D is added to training, rms increase their probability of innovating by 29 percentage points; the increase is smaller (26 percentage points) when R&D is carried out in isolation (third row). On average, R&D experience is more e ective when rms have also experience in WT (that is, 1 2 ).
[Insert Table 8] Although worker training also increases rms' innovation, it does so to a lesser extent.
When WT is carried out in isolation, the rm's probability increases by 4 percentage points (last row); if WT is combined with existing R&D, that probability increases by 7 percentage points.
The results in columns 2 and 3 show the average marginal e ects computed separately for the subsamples of rms in high-tech and low-tech industries, respectively. First, the magnitude of all the estimated marginal e ects is greater for the high-tech industries. Second, complementarity is present in both types of industries, though its magnitude is greater for low-tech industries.
These general patterns are similar for the group of large rms, although we can point out two di erences. First, comparing the gures in column 4 with those in column 1, we can see that both training and R&D are more e ective for large rms than for the smaller ones -not only when they are carried out in isolation but also when they are added to existing R&D or WT. Second, the heterogeneity in the magnitude of these e ects between industries is substantially lower in the group of large rms.
Conclusions
This paper explores the e ects of rm R&D and worker training experience on innovation performance. Earlier studies have dealt with the e ect of R&D and human capital on rm performance without paying much attention to the possible complementarity between these investments. Our study focuses explicitly on the interactions between R&D and WT activities at the rm level and measures their mutual complementarity.
We use a sample of Spanish manufacturing rms over the period 2001-2006 which contains information on the R&D investment, data about investment in worker training, and it also provides information on innovation output. The empirical evidence shows important di erences between large and small rms in both the frequency of these investments and the likelihood of innovating. For example, 20% of SMEs are engaged in R&D while a higher proportion of them (29%) do innovate. This implies that many SMEs without formal R&D activities are innovators. Firms may rely on activities other than formal R&D to achieve innovation success and worker training may play a relevant role here. In the case of large rms, 71% invest in R&D, but only 55% introduce an innovation. These empirical facts can be related with the existence of heterogeneity in the innovation output or the innovation strategy depending on rm size. For example, large rms might be involved in drastic innovations, while incremental innovations could be more frequent in small rms; large rms might be more engaged in long-term innovation strategies.
To conduct the econometric analysis, we estimate a probit model with a dependent variable that takes the value one when the rm introduced any important modication in the production process or the rm manufactured any brand-new or substantially modied products. The empirical specication considers that rms' experience in R&D and WT can have di erent e ects depending on whether these investments are carried out in isolation or jointly. We include in the model other innovation determinants and take into account the unobserved heterogeneity and the correlation of the rm-specic e ect with the regressors. This specication allows us to identify complementarities between R&D and WT, by analyzing if the e ect of each of these activities on the probability of innovating varies depending on whether the company has also invested in the other one or not.
The empirical results indicate that R&D is a key factor in explaining rm innovation performance. Worker training investment also has a signicant e ect, but one of lower magnitude. In the large rms, WT has a positive impact on the probability only when it is added to R&D, while in the SMEs it has a positive impact also when it is carried out 18 in isolation. In addition, results conrm that innovation in SMEs also depends on other activities or market related factors, while for large rms formal R&D activities are more determinant.
The results reported in this paper establish a complementary relationship: worker training reinforces the e ect of R&D on innovation performance. Complementarities are present in both small and large rms, although the magnitude is lower for the latter. Lastly, complementarity seems to be greater in low-tech industries.
Public policies that promote rms' R&D investment and public policies that encourage worker training are often not connected. This is currently the case in Spain, where the main instruments are designed by di erent Ministries. Our results highlight the importance of considering the complementarities between both types of investments in the design of public policies that promote R&D and training. Standard deviation of the AME in parentheses
